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Abstract
Energy auditing, modeling and optimization are the important tools which can be considered
toward achieving a sustainable food supply chain (FSC). In this regard, energy modeling and
optimization have become a hot topic in the food sector and thus, several mathematical and
computational intelligent-based systems have been applied to model and optimize the energy
flows of FSC. This study briefly reviewed the widely used mathematical (multiple linear
regressions, data envelopment analysis) and computational intelligent-based (artificial neural
networks, adaptive neuro fuzzy inference systems, genetic algorithm) approaches for modeling
and optimization of the energy flow in FSC. Based on the literature review it can be inferred
that computational intelligent based approaches could better model and optimize the energy
flows than mathematical approaches and the performance of computational intelligent-based
systems showed that this approach can be generally applicable for modeling and optimizing
energy flows of FSC.
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2Energy auditing
Food supply chain (FSC) refers to a network of food-based business enterprises in which food
products move from farm to fork, involving off-farm and on-farm operations, processing,
packaging, food service, and consumption activities (Zhang and Li, 2012).
Energy auditing, modeling and optimization are the important methodologies which can be
considered toward moving to a sustainable FSC. Energy auditing can be considered as the
foremost step to investigate the energy consumption of production systems and to specify the
measures which may be taken toward moving to a more energy-efficient production system
(Soltanali et al., 2017). In fact, energy use efficiency has a strategic advantage for producers, and
is not just a marginal issue (Marchi and Zanoni, 2017).
The energy coefficients of inputs refer to the total consumed energy in the whole cycle of the
production (from primary production to the end of process) (Mousavi-Avval et al., 2011;
Hosseinzadeh-Bandbafha et al., 2018). For instance, the energy equivalent of diesel fuel is 56.3
MJkg-1 (Persiani et al., 2019) and biocide is 120 MJkg-1 (Yadav et al., 2018). The energy output
refers to the gross energy content measured by laboratory bomb calorimeter tests (Mousavi-
Avval et al., 2011). As an example, the energy content of wheat is 56.3 MJkg-1 (Kazemi et al.,
2015) and rice is 14.5 MJkg-1 (Yuan et al., 2019).
The functional unit (FU) in energy analysis studies gives the reference by which various food
supply chains can be compared. The land-based and mass-based functional units are prevalent in
assessing the energy flows of food supply chains (Khojastehpour et al., 2015; Gökdoğan et al.,
2019; Talukder and Hipel, 2019). The main energy indices which have been applied in FSC are
energy use efficiency, specific energy, energy productivity, and net energy (Mohammadi-
Barsari, et al., 2016).
3The importance of energy modeling and optimization of FSC
Energy auditing of FSC is one of the important steps toward sustainability (Esmailpour-Troujeni
et al., 2018). It determines the energy hotspots of the production system and it may help to save
considerable amounts of energy, money, and also mitigation of environmental impacts. Farmers
and manufactures should be aware of the energy usage during the production of their products
due to the increasing regulations and legal requirements which require reduction of energy usage
and environmental impacts (Meyers et al., 2016).
Agriculture is an energy-intensive sector (Hassapoyannes and Blandford, 2019; Firouzi et al.,
2018; Gökdoğan et al., 2019), and the food processing industry is one of the highest consumers
of energy in the manufacturing sector (Compton et al, 2018). Overall, the food sector consumes
globally about 200 EJ per year (Bakalis et al., 2019). It is a necessity that measures are taken to
reduce the energy consumption in FSC.
Modeling and optimization techniques are the strong tools to contribute toward management
of energy consumption in FSC. A few studies have been focused on energy modeling and
optimization of food processing, but so far, most of the studies on energy modeling and
optimization of FSC have been focused on modeling and optimizing the agricultural phase of
production systems. The lack of studies on food processing and packaging is mainly due to
unavailability or inaccessibility of data. There are still a few studies on modeling and
optimization of energy flows of different phases of food supply chain which are discussed in the
following sections.
4Modeling
Several mathematical modeling techniques have been applied to model the energy patterns of
FSC. The following sections discuss the commonly used mathematical and computational
intelligent-based modeling techniques.
Mathematical modeling
Multiple linear regression is one of the widely used mathematical models for energy use
modeling of FSC. Cobb-Douglas (CD) has been used in several studies for FSC energy modeling
like chicken (Heidari et al., 2011), melon (Sharifi, 2018), and pomegranate (Esmailpour-Troujeni
et al., 2018). The following equation expresses the general form of the CS model (Taheri-Rad et
al., 2017):
(1)= + + + +⋯+ +
where y is the output energy of farm/processing/packaging ith, x is the consumed inputs in
production, and , , … , are the regression coefficients of energy inputs, a0 is the constant
coefficient, and ei is the error coefficient.
In a study conducted by Rajaeifar et al. (2014), the CD model was employed for energy flow
modelling within olive oil supply chain. They developed a CD model with R2 of 0.92. Bartzasa
and Komnitsas, (2018) employed the CD model for energy modeling of a pistachio production
system in Greece. The results showed that among energy inputs, fertilizers and machinery had
statistically significant positive effects on the yield of pistachio. As was mentioned, CD model
has been widely applied for energy flows modeling of FSC; however, recent studies indicate that
computational intelligent-based models could better model the energy flows of FSC than those of
multiple regressions models (Safa and Samarasinghe, 2011; Bolandnazar et al., 2019). The
following section explains commonly used computational intelligent-based models from the
5point of view of energy flows modeling of FSC.
Artificial intelligent-based modeling
Artificial Neural Networks (ANN) and Adaptive Neuro Fuzzy Inference System (ANFIS) are
the two commonly used AI systems in energy modeling of FSC. So far, Multilayer Perceptron
(MLP) and Radial Basis Function (RBF) have been applied to develop ANNs to model energy
flows of FSC. MLP is the most common type of feed forward neural networks (Khoshroo et al.,
2018). Fig. 1 demonstrates the general structure of a typical MLP model. An MLP neural
network has at least three layers and its goal is to develop an optimal model through
determination of the best weights between nodes of the input variables and hidden layers (W1) as
well as between nodes of the hidden and output layer (W2) (Bolandnazar et al., 2019). Some
studies showed the high accuracy of this model in different FSC such as wheat (Safa and
Samarasinghe, 2011), basil (Rostami et al., 2017), and grape (Mardani and Taghavifar, 2016).
Fig. 1. Configuration of MLP artificial neural network for energy flow modeling of FSC (Nikkhah et al.,
2019)
Radial Basis Function (RBF) is one type of ANNs that applies radial basis functions as its
activation functions. It consists of the linear combination of radial basis functions and a RBF
6model has a single hidden layer (Sadri and Burn, 2012) (Fig. 2). Taki et al. (2018) and
Bolandnazar et al. (2019) modeled the energy flow of wheat and potato production systems,
respectively, using MLP and RBF neural networks. Both studies highlighted that RBF neural
network based models were more accurate than MLP.
Fig. 2. Configuration of RBF artificial neural network to energy flow modeling of FSC (Kosari-
Moghaddam et al., 2019)
ANFIS is a combination of ANN and fuzzy-logic model which is capable to model uncertain
and imprecise data (Ekici and Aksoy, 2011). It is able to simulate the mapping relation between
the input variables and output by using hybrid learning in order to specify the optimal
distribution of the membership functions (Iphar et al., 2008). Fig. 3 displays the general structure
of ANFIS for energy flow modeling of FSC.
In a study, ANFIS and ANN were employed to prognosticate the energy output of an egg
production system based on the energy inputs data. The results revealed that the developed
ANFIS modeled the energy flow of the production system more accurately than the ANN model
(Sefeedpari et al., 2016). The results of the study on tomato production also indicated that
ANFIS could more effectively model the energy flow (Khoshnevisan et al., 2017). Owing to the
high degree of accuracy, ANFIS has been recently applied to model the energy flows of some
7FSC like dairy product (Hosseinzadeh-bandbafha et al., 2016), rice (Nabavi-Pelesaraei et al.,
2019), and sugarcane (Kaab et al., 2019).
Fig. 3. Configuration of ANFIS for energy flow modeling of FSC (Sefeedpari et al., 2016)
Optimization
Data Envelopment Analysis (DEA) and Genetic Algorithm (GA) are considered as the two
widely applied optimization techniques in FSC. The following paragraphs explain the application
of these techniques in the point of optimization of energy flows of FSC.
Data Envelopment Analysis
DEA is a linear programming approach for evaluating the efficiency of Decision-Making Units
(DMUs). DEA gives the relative efficiency of the DMUs which consume different amounts of
inputs for producing the same output (Omid et al., 2012). Cooper and Rhodes (CCR) and
Banker-Charnes-Cooper (BCC) are the two approaches for measuring returns to scale in the
DEA analysis (Othman et al., 2016). The general structure of a DEA approach in energy
optimization of FSC is shown in Fig. 4. DEA have been used in FSC in order to determine the
efficient and inefficient units in terms of energy management.
8Fig. 4. The general structure of DEA for energy optimization of FSC
Masuda et al., (2018) studied the energy efficiency of olive production in Japan. The energy
efficiency scores varied from 0.732 for farms of one hectare to <2 hectares, to 0.988 for farms
larger than 15 hectares. They claimed that there is a significant variation in efficiency scores,
demonstrating that there is an opportunity for restructuring the production process in order to
improve the energy use efficiency. A similar study on olive oil production in Greece indicated
the significant variations of efficiency scores of the DMUs, which might be an opportunity to
optimize the process in terms of energy management (Niavis et al., 2018).
Genetic Algorithm
GA, an optimization technique based on the Darwinian evolution model (Fig. 5), finds the
value of parameters based on the basic principle that only the best solution survives and is also
capable of creating qualified offspring (Gomes et al., 2015; Sampebatu, L., 2015). Usually, the
goal of the optimization in FSC is to determine the appropriate level of the energy inputs to reach
the highest energy output. All of the mentioned models like CD, ANN and ANFIS can be applied
as the fitness/cost functions for GA.
9Fig. 5 demonstrates the general structure of GA for optimization of energy in FSC. A GA
begins with a random population of chromosomes (solutions) (Jafari and Rohani, 2016). The
next step is to evaluate the population of chromosomes through the fitness function, which
returns the best solutions for the next generation of population (Melo et al., 2017). The lower and
upper bounds to be used for energy optimization in FSC may be considered as the minimum and
maximum values (Nabavi-Pelesaraei et al., 2017), or it can be selected based on expert
recommendation (Shamshirband et al., 2016; Mousavi-Avval et al. 2016).
Fig. 5. The general structure of GA (Haupt and Haupt, 2004; Soltanali et al., 2017)
GA could better optimize the energy flows of FSC than DEA models in FSC (Nabavi-
Pelesaraei et al 2016,2017). More specifically, one study indicated that the energy savings
potential by employing GA and DEA for sugarcane production were 21% and 8%, respectively
(Kaab et al., 2019). Fig. 6 summaries the models and optimization techniques which have been
applied in FSC. As mentioned, ANFIS has the highest accuracy for FSC energy modeling and
GA also can be considered as a strong tool for optimization of energy flows in FSC. As a result,
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the hybrid application of ANFIS+ GA may be considered as a powerful tool to model and
optimize the energy in FSC in the future studies.
Fig. 6. Modeling and optimization techniques in FSC
Conclusions
Energy flows modeling and optimization of food supply chain is a complex task. In recent
years, several tools have been applied to optimize and model the energy flow of FSC, especially
in the agricultural phase of the production system. The results reveal that the computational
intelligent-based tools are more accurate and powerful than mathematical modeling. More
specifically, ANFIS and GA are the best ones for modeling and optimizing the energy flow of a
food supply chain, respectively. Until now, as was mentioned, several models have been
employed for energy flow modeling of FSC; however, only DEA and GA have been used for
optimization purposes. Therefore, it is recommended that some new optimization techniques like
Particle Swarm Optimization are applied for the energy optimization of FSC and compared with
the previously used optimization tools.
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